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Abstract. In the field of image processing, Gaussian mixture model (GMM) is
always used to detect and recognize moving objects. Due to the defects of
GMM, there are some error detections in the final consequence. In order to
eliminate the defects of GMM in moving objects detections, this paper has
studied a moving object detection algorithm, combining GMM with scale-
invariant feature transform (SIFT) keypoint match. First, GMM is built to obtain
the distributions of background image pixels. Then, morphological processing
method is applied to improve the quality of binary segmentation image and
extract segmentation images of moving objects. Finally, SIFT keypoint match
algorithm is used to eliminate misjudgment segmentation images by judging
whether the segmentation image matches with the background template or not.
Compared with original GMM, the results show that the accuracy of moving
object detection has been improved.
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1 Introduction

In the field of visual analysis, moving object detection is an important and popular
research topic, which consists of classification of moving objects, tracking of moving
objects and understanding of moving objects. There are some classical methods for
dealing with problems of moving object detection, such as the optical flow method, the
inter-frame difference method and the background subtraction method [1, 2].

GMM is one of the background subtraction method. Through training a part of the
video data frames, GMM can generate a background image. With input video data, the
background image can also be dynamically updated. Then, the foreground image can
be separated by comparing the trained background image with each original image [3,
4]. However, with the influence of illumination variation, shaking of cameras and so
on, the final moving objects are mixed with the static objects which should be classified
into the background image. Thus, in the process of generating a background image
using trained video data frames, the accuracy of moving object detection is low.

SIFT keypoint match algorithm can extract the feature of some key points in each
image. These features which are invariant to image scale and rotation, have strong
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adaptability to the change of illumination and the deformation of the image [5, 6].
Thus, these features can distinguish with each other and can be used as a basis to match
two images.

This article combines GMM method with SIFT keypoint match algorithm to rec-
ognize the moving objects. First, the GMM method is used to extract moving objects in
a traffic video roughly. Then, the morphological processing method which includes the
opening operation and the closing operation is studied in each dynamic pixel in order to
form the connected region of pixels of moving objects. Finally, the SIFT keypoint
match algorithm is used to process the connected region and match them with the
previous background template. The new combined method can reduce the error
probability of recognizing moving objects and improve the performance of the whole
system to extract moving objects in the traffic video. The improved GMM method
combing with SIFT keypoint match can complete the extraction of moving vehicles in
a complicated traffic video.

2 Conventional Method

In this part, the theories and functions of three conventional methods including GMM
method, morphological processing method and SIFT keypoint match algorithm are
briefly introduced as follows.

2.1 GMM Method

GMM is a combination of multiple Gaussian distributions [3, 4], which is used to
describe the distributions of background pixel value in this paper. The sample is
obtained by the Eq. (1):

X1;X2; � � � ;Xtf g ¼ Iðx0; y0; iÞ; 1 � i � tf g: ð1Þ

In Eq. (1), Xt is the pixel value of the t frame, x0; y0;
� �

is the position of pixel. Xt

obeys the mixed distribution whose probability density function is shown in Eq. (2).

PðXtÞ ¼
XK
i¼1

xi;t � gðXi; li;t; Ri;tÞ: ð2Þ

In Eq. (2), K is the number of distribution in the GMM, which depends on the
complexity of the background. In this paper, we consider the change of background of
video frame as the result of superposition of multiple Gaussian distributions. The value
of K are set as 3 in our model, xi;t, li;t, Ri;t are the weight, the mean and the covariance
matrix of the i distribution in t moment respectively. g(Xi; li;t; Ri;t) is a corresponding
probability density function, which is shown in the Eq. (3).
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gðXi; l; RÞ ¼ 1

ð2pÞn=2jRj1=2
e�1=2ðXt�lÞTR�1ðXt�lÞ: ð3Þ

In Eq. (3), n is the dimension of Xt, and R is the covariance matrix of each
dimension of Xt. The probability density function of the mixed distribution is shown in
the Fig. 1.

According to [3, 4], each distribution parameter will be updated as shown in Eq. (4)
after the initialization of the GMM.

x̂i;t ¼ ð1 � aÞxi;t þ aPðkjXi; li;t; ri;tÞ
l̂i;t ¼ ð1 � qÞli;t þ qXi

r̂2
i;t
¼ ð1 � qÞr2

i;t
þ qðXi � li;tÞTðXi � li;tÞ

8<
: ð4Þ

In Eq. (4), in the t moment, x̂i;t is the estimated value of xi;t, l̂i;t is the estimated
value of li;t, and r̂2

i;t
is the estimated value of r2

i;t
. Those estimated values are regarded

as the value of xi;t, li;t, r̂
2
i;t
in the tþ 1 moment. a is the rate of learning, which

determines the updating speed. q ¼ a�
xi;t

is the learning rate of parameter. The

judgment of matching Xt with the k distribution is shown in Eq. (5).

jXt � lk;tj\Ddk;t : ð5Þ

If thematching can be satisfiedwell,PðkjXi; li;t; ri;tÞ ¼ 1, or the value would be 0.
The general value of D is 2.5. After Gaussian distribution is updated, the weight should

be normalized according to
PK
i¼1

xi;t ¼ 1, and then the weight should be sorted by size of

Fig. 1. The probability density function of the mixed distribution.
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x=r. Finally, first B Gaussian distributions can be selected to describe the background
image in Eq. (6).

B ¼ argmin
b

Xb
i¼1

xi;t [ T

 !
: ð6Þ

2.2 Morphological Processing Method

The morphological processing method contains the opening operation and the closing
operation. They both consist of corrosion and expansion. The only difference between
them is the order.

Corrosion is a process of eliminating boundary points and contracting the boundary
inward. It can be used to eliminate small and meaningless pixel objects. On the other
hand, expansion is the process of merging all the background points. It can be used to
fill holes in objects.

Opening operation is a process of expansion after corrosion. It can eliminate small
objects, separate the objects in the fine points and smooth the boundary of the large
object. Meanwhile, it doesn’t significantly change the area. Closing operation is a
process of corrosion after expansion. It can fill the body with tiny holes, connect nearby
objects and smooth its boundaries. It doesn’t significantly change the area either.

2.3 SIFT Keypoint Match Algorithm

The SIFT key point match algorithm was proposed by Lowe in 1999 and perfected in
2004 [5, 6]. The SIFT feature is based on the interest points of some local appearance
on the object and has nothing to do with the size and rotation of the image. The SIFT
feature also has a high tolerance of light, noise, and micro vision changes.

The algorithm consists of following six steps. (1) Generate Gaussian difference
pyramid and construct scale space. (2) Detect the spatial extreme points. (3) Locate the
key points precisely. (4) Allocate the direction information of stable key points.
(5) Describe the key points. (6) Match the key points. The flowchart of SIFT keypoint
match algorithm is shown in Fig. 2.

Fig. 2. The flowchart of SIFT keypoint match algorithm.
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3 Method Combined GMM with SIFT Keypoint Match

The GMM is used to model the video image, which can generate the background
image. The foreground image can be generated by subtracting from the original image.
However, there are still misjudgments in obtaining the foreground influenced by
illumination variation, partial occlusions and shaking of camera. The pixels judged to
be the foreground is under the morphological processing, which means that the con-
nected region is obtained by opening operation and closing operation. As a result, these
pixels become a whole object rather than the scattered pixels. The background image of
the previous GMM is regarded as a static graphic template.

Then the connected domain is surrounded by the minimum area of the rectangle,
which represents the moving object. However, there are some background images in it,
and the SIFT keypoint match algorithm is used to find out the right foreground by
matching the background template. Through extracting rectangular image I1, we can
obtain its location, length and width. These information can be used to locate the
rectangle in background template which is called I2. The number of SIFT key points in
rectangular image I1 is N1 and the number of SIFT key points in rectangular image I2 is
N2. The number of matching points in rectangular image I1 and rectangular image I2 is
M. If the relationship between N1 and M satisfies that as shown in Eq. (7),

P ¼ M
N1

[ R; R ¼ 0:7 : ð7Þ

then, the rectangular image I1 and the rectangular image I2 will be considered as
matching successfully, which means that the rectangular image I1 is a static image
rather than a moving object. Thus, the rectangular image I1 should be removed from the
foreground. The flowchart of the method is shown in Fig. 3.

Morphological 
Processing

Fig. 3. The flowchart of the method.
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4 Results and Analysis

The improved algorithm is compiled by using the image processing toolkit from
MATLAB software. We select two videos as the testing videos [8]. Comparing with
the original GMM algorithm, the experimental results show that the moving object
detection accuracy rate has a great improvement when applying the improved GMM
algorithm combined SIFT keypoint matching algorithm. For the video of crossroads,
the compared results are as follows (Figs. 4, 5, 6 and 7).

In the case of time complexity, the proposed algorithm takes more time to deal with
the video per frame than the original GMM algorithm. However, it can satisfy the need
of video analysis better. Figure 8 shows the detection results of moving objects using

Fig. 4. The result of the detection of original GMM algorithm in video 1.

Fig. 5. The result of the binarization of foreground and background in video 1.

Fig. 6. The result of the improved algorithm in video 1.
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the improved GMM algorithm combined with SIFT keypoint match algorithm. In the
video of roads, the number of video frame is 5258 and the total number of moving
objects is 85. Using the traditional algorithm, the number of wrong detection moving
objects is 21 and the correct rate of detection moving objects is 72%. While using the
improved algorithm, the correct number of detection moving objects is 74 and the
correct detection rate of moving objects is 87%. Thus, one can find the improved
algorithm has a better performance than the traditional algorithm.

5 Conclusion

In this paper, a moving object detection algorithm combined GMM algorithm with
SIFT keypoint match algorithm is studied. First, the basic GMM was used to obtain the
moving pixels in each video frame. The morphological processing was applied to
group the rectangular image from moving pixels. Second, the SIFT keypoint match
algorithm was used to obtain moving objects by distinguishing the foreground and
background. Finally, the algorithm was evaluated on two different videos. It is shown
that the performance of the moving objects detection algorithm is better than the
traditional algorithm. Our future work will focus on how to reduce the computational
complexity.

Fig. 7. The result of the binarization of foreground and background in video 1.

Fig. 8. The result of the improved algorithm in video 2.
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